Abstract-The deployment of public charging infrastructure networks has been a major factor in enabling electric vehicle (EV) technology transition, and must continue to support the adoption of this technology. DC fast charging (DCFC) increases customer convenience by lowering charging time, enables long-distance EV travel, and could allow the electrification of high-mileage fleets. Yet, high capital costs and uneven power demand have been major challenges to the widespread deployment of DCFC stations. There is a need to better understand DCFC stations' loading, utilization, and customer service quality (i.e. queuing time, charging duration, and queue length). This study aims to analyze these aspects using one million vehicle-days of travel data within the Columbus, OH, region. Monte Carlo analysis is carried out in three types of areas -urban, suburban, and rural-to quantify the effect of uncertain parameters on DCFC station loading and service quality.
I. INTRODUCTION
The electric vehicle (EV) market is taking off, with over 500k EVs on the road in the United States and over 2M globally. Although EVs are becoming more popular, the issues that prevent their mass penetration such as limited infrastructure are still present. Replacement of traditional internal combustion engine vehicles by EVs goes hand-in-hand with the mass deployment of reliable and fast charging infrastructure.
The National Renewable Energy Laboratory (NREL) together with the California Energy Commission (CEC) developed the Electric Vehicle Infrastructure Projection Tool (EVIPro) to estimate regional requirements for charging infrastructure to support consumer adoption of EVs [1] , [2] . EVIPro utilizes EV market and real-world travel data to estimate future requirements for home, workplace, and public charging infrastructure [1] , [2] .
There are two types of EV charging methods: (i) on-board charger for AC grid connection which can be single-phase L1 and L2 as defined in SAE J1772, and three-phase AC charging as defined in SAE J3068 (work in progress); and (ii) DC fast charging (DCFC) as defined in SAE J1772-Combo/CHAdeMO standards. L1 and L2 are mostly located at residential and public/workplace charging premises. These stations do not include a power electronics converter but rather utilize the vehicle's on-board charger which is rated at low power levels (typically less than 19.2 kW) [3] . On the other hand, DCFC stations operate at high power DC voltage and use an offboard AC-DC converter [3] . Thus, they provide much higher charging power level compared to L1 and L2. In this study, we will focus mainly on development and analysis of the DCFC infrastructure model.
There are several important points that should be addressed regarding the installation of DCFC stations: their locations, operation costs, and how to evaluate the service quality [4] . DCFC geographic location has to be close to where it is needed and should ensure relatively high mobility of EVs [4] . Berjoza and Jurgena [4] proposed a simple algorithm for calculating the characteristics of charging stations. This algorithm determines metrics like the availability ratio for charging stations.
Zenginis et al. [5] describe a novel queuing model where the customers' mean waiting time is computed by considering the available charging spots, arrival process, and charging needs of various vehicle classes. Quality of service (QoS) is measured by waiting time of the customers in the queue prior to charging their EVs. Various EVs are classified by their battery size, and customers' mean waiting times in the queue are computed by considering the available charging spots and stochastic arrival process and charge needs of the various EV classes.
Fan et al. [6] studies the impact of the requested state of charge (SOC) of EVs on charging times and proposes an operation analysis of fast charging stations where operators can set a limit on the requested SOCs to obtain maximized revenue.
This study develops an analysis of DCFC power consumption based on data provided by EVI-Pro. One million vehicledays of travel from the Columbus, OH, region -the winner of the U.S. Department of Transportation's Smart City award -were simulated in EVI-Pro to generate about 23k DCFC events. Monte Carlo (MC) simulations are carried out to predict the charging load and queuing time at three stationsin urban, suburban and rural settings.
The organization of the paper is as follows. Section II presents the data collected from EVI-Pro. Section III describes 978-1-5386-3048-8/18/$31.00 ©2018 IEEE the development of the DCFC station model. Section IV focuses on the MC simulation set-up, and Section V describes the results. Finally, Section VI concludes the study.
II. DATA COLLECTION METHODOLOGY AND EVI-PRO MODEL
EVI-Pro anticipates spatially and temporally resolved consumer charging demand while capturing variations with respect to residents of single-unit dwellings (SUDs) and multiunit dwellings (MUDs), weekday/weekend travel behavior, and regional differences in travel patterns and vehicle adoption. To identify the optimal charging strategy, individual travel days from a travel data set (originally completed using a conventional gasoline vehicle) are simulated in EVI-Pro under different assumptions for charging infrastructure availability. This model only considers destination charging as opposed to en-route charging between destinations.
The modeled vehicle fleet consists of both plug-in hybrid (PHEVs) and battery electric vehicles (BEVs), but only BEVs are eligible to use DCFC stations. The default charging behavior is "home-dominant," meaning that consumers prefer to charge at their residence, then at their workplace, and finally in public locations. This charging demand simulation generates a set of charging sessions required to satisfy the travel patterns displayed in the data in a way that maximizes electric miles traveled and minimizes operational cost. These charging sessions are then post-processed spatially and temporally to output electric vehicle supply equipment (EVSE) requirements and station utilization for the Columbus region. More detail on this methodology can be found in [7] .
EVI-Pro relies on real-world travel data to simulate EV charging demand. A large, commercial data set was procured from INRIX [8] , consisting of GPS travel trajectories (mode imputed as driving trips by INRIX) that intersected the Columbus, OH, region in 2016. Each trajectory features trip-level data such as start/end times and GPS coordinates (including origins, destinations, and intermediate way points). The full data set was down selected to include only light-duty consumer vehicle GPS data collected from mobile/cellular devices. A thorough data cleansing routine was applied to ensure the integrity of travel days simulated in EVI-Pro. The cleansed input data set includes approximately 1.02 million full travel days, 3.71 million trips, and 30.6 million miles of driving.
The results of these simulations show that the majority of charging required to satisfy travel needs of drivers from the INRIX data set can be accommodated with residential charging. However, some DCFC is required to accommodate high vehicle miles traveled (VMT), short dwell time travel days. The simulation generated about 23,600 DCFC events across the Columbus region, with the highest density (just over half of all events) occurring in Franklin County, 30% occurring in the six neighboring counties, and the remaining 20% scattered across the rest of Ohio and the Midwest. These charging events are clustered into 400 DCFC stations, flagged as urban (Franklin County), suburban (six neighboring counties), and rural (outside of the Columbus metro area). The Station parameters include number of stations, their capacities, number of ports, and port capacities. Vehicle parameters define vehicle types, battery sizes, maximum charging powers, and charge acceptance curves. The data also provide several distributions for vehicle types, arrival times, energy demands, and initial SOCs along with number of charging events at each station. A brief overview of the variable generation process is shown in Fig. 3 .
In order to understand the design criteria for a DCFC station, it is necessary to develop the likelihood of all possible outcomes and the risks these represent. The MC analysis is an effective tool for this purpose. It provides possible outcomes and also their associated probabilities bringing a broader view of what might happen. For this purpose, we utilized MC analysis by running 10 monthly simulations with the same input data. At each run, vehicle related parameters such as time of arrival, energy demand, initial SOC, etc. are randomly regenerated from the associated probability density functions (PDFs). During the simulations, vehicles arrive at the corresponding stations, wait in the queue (if there is not any available port), are plugged in, and then charged according to their charge acceptance curves. They depart after their energy demand is met, and a new vehicle from the queue is plugged into an available port.
IV. SIMULATION SET-UP
This section defines the simulation parameters and presents the results. The following are the defined parameters for the simulations, stations, and vehicles. Simulation parameters:
• Number of MC simulations: 10 • Single simulation duration: 4 weeks (1-min resol.) Station parameters (Urban, Suburban, Rural): • Vehicle set-up time: 5 min The charge acceptance curves for these vehicle types are given in Fig. 4 . This figure shows how the charging power of vehicle batteries vary as a function of battery SOC. The curves for each vehicle type were developed based on DCFC data acquired from a 2012 Nissan LEAF [9] . This charging power data are collected after a full vehicle thermal soak to allow the battery to reach 25
• C. The vehicle data are included in Fig. 4 and are for a charge from about 15% to 90% SOC. A curve-fit method is used to define the charge acceptance curve at intervals of 2.5% SOC for the 24 kWh vehicle type. The remaining charge acceptance curves are determined assuming a cell-level charge power decrease of 60% in the power-toenergy (P-E) ratio that is then scaled for the larger capacity 60 kWh and 85 kWh vehicle types. The decrease in P-E is used to account for the use of more energy dense cells in the production of longer range vehicles [10] , [11] .
These charge acceptance curves are used by the DCFC model to limit the charge power to the charging vehicles based on their SOC throughout the fast charge. Thermal and timedependent charge diffusion limitations on charging power have not been accounted for in this model. The charge data from the Nissan LEAF demonstrate a simplified constant-current charging method up to 60% SOC and a then constant-voltage methodology to higher SOCs. While the SOC transition to constant-voltage may vary depending on battery chemistry and other more aggressive charging methods have been proposed [12] [13] , this approach provides an approximation of the battery limitations on charge power. The impact to the DCFC station of these advanced charging strategies are left for future work.
To demonstrate how a charging event takes place, the charging profiles of three different types of vehicles (with 24, 60 and 85 kWh battery sizes) are presented in Figs. 5-7, respectively. The vehicles are randomly selected out of approximately 23k charging events. In these figures, one can observe when the vehicles arrived at the stations, whether or not they had to wait in a queue (none of them entered the queue in the presented cases), its set-up time, and when its charging started. Further, one can observe how EVs' charging power changed over time as a result of charge acceptance rate, how their SOC changed, and when they finished with charging and departed. 
V. RESULTS AND ANALYSIS
The simulations were run with the parameters defined above for a station design in each region using the average number of charge events of the stations in the respective region. Table I gives the statistical results of all MC simulations for each station. Four criteria have been chosen for analysis and comparison: 15-min average power consumption of the stations (termed as "demand power" in this study), charging duration statistics at each station, queuing statistics (queuing duration and queue length), and port usage. Table I can help draw important conclusions regarding the load profile, QoS, and effective use of available power at the station. As an example, an increase in average and peak demand power and a decrease in the queuing durations can be noted from station 3 to station 1 due to increased power capacities and port numbers. Further, maximum power consumption of station 1 is almost a third of the station total capacity. However, the same station experiences a maximum queuing duration as high as 12 min.
Demand charges can be as high as 90% of electricity costs of a DCFC station according to a recent report [14] . Therefore, demand power consumption of different DCFC station types are explained using box plots. Fig. 8 shows the box plots of demand power consumption of the stations for each day after 10 MC simulations. Bottom and top lines of each box represent 25 th and 75 th percentile of all samples, respectively. Straight lines in each box refer to median of all samples. Maximum limit of the dotted lines ( ) cover the 99.3%, and the remaining red outliers (+) fall into 0.7% of all samples. Even though the total capacities of stations 1 and 2 are 1,800 kW and 600 kW, respectively, 75 th percentile of all power consumptions fall well below their rated capacity with the outlier events below half of the rated power. The peak demand power for station 1 designated by the outliers is around one-third of the station's rated capacity. This ratio is a little higher for station 2, indicating that the capacity of station 2 is more effectively used. Station 3, on the other hand, uses all of its capacity every day since it has only one port. This means that either or both a capacity increase and port count increase for this station should be considered. Fig. 9 shows the probability histograms of the demand power consumption for all time at each station for 10 MC simulations. These figures show the likelihoods of total power consumptions that the stations will have to handle. As seen, the figures are consistent with the statistical results presented in Table I . Fig. 10 corresponds to the percent of station port utilization. "0 port" indicates the times when no EVs are present at the station. This figure reveals that 70% of the time, the ports of station 3 are not utilized. Therefore, adding an additional port may not make a big difference in terms of meeting the demand of the station. Instead, a station with a higher port capacity would reduce the duration of the charge events and could better improve queuing duration and length. The queue at the station is another important parameter that results in extra waiting times and decreases QoS. The average and maximum queue length and queuing durations among all MC simulations for each station in a month were already given in Table I . Fig. 11 shows the probability of queuing durations at each station for the customers that happened to wait in the queue excluding zero waiting times. This provides better information on the queuing time spectrum. Further, the probabilities of waiting in different time intervals in a day are also calculated. The results are presented for different waiting times as a probability chart in Table II . It shows the probability of how long a user will wait in the queue at each station at any time of the day. As the queue length increases, the waiting times will increase and QoS will decrease. Since Station 1 offers charging at higher powers and has more ports, it is very unlikely to wait more than 10 min at this station. The worst case scenario happens for Station 3 where the probability of waiting more than 25 min in the queue between 12:00-14:00 is 37%. This also follows the statistical results in Table I that show the average waiting duration for Station 3 is 30 min. This is definitely not a reasonable risk for the station operator since it clearly loses potential customers to other stations. To overcome this problem, either the power capacity of the available port/station or installing an additional port should be considered.
VI. CONCLUSIONS AND FUTURE WORK
In this work, we developed a DCFC station model and analyzed three different DCFC stations using charging data acquired from EVI-Pro. The model ran a thorough analysis on DCFC station operation to understand statistical metrics such as peak demand power, customer service quality, and port utilization. While the increased station power capacity and port number result in a higher peak demand power, it is very dependent on EV charge acceptance. Further, increasing port number increases customer QoS but decreases port utilization. As an example, an 1,800 kW, 12-port DCFC resulted in a 33.7% peak loading and 30.8% port utilization. The probability of waiting more than five minutes in the queue at this station is at worst 0.95% during a day. Future study will focus on optimum decision making of station capacity and port number as well as investigating charge control algorithms to respond to grid commands. VII. ACKNOWLEDGEMENT
